It is common practice in perinatal epidemiology to calculate gestational-age-specific or birth-weight-specific associations between an exposure and a perinatal outcome. Gestational age or birth weight, for example, might lie on a pathway from the exposure to the outcome. This practice of conditioning on a potential intermediate has come under critique for various reasons. First, if one is interested in assessing the overall effect of an exposure on an outcome, it is not necessary to stratify, and indeed, it is important not to stratify, on an intermediate. Second, if one does condition on an intermediate, to try to obtain what might conceived of as a "direct effect" of the exposure on the outcome, then various biases and paradoxical results can arise. It is now well documented theoretically and empirically that, when there is an unmeasured common cause of the intermediate and the outcome, associations adjusted for the intermediate are subject to bias. In this paper, we propose 3 approaches to facilitate valid inference when effects conditional on an intermediate are in view. These 3 approaches correspond to (i) conditioning on the predicted risk of the intermediate, (ii) conditioning on the intermediate itself in conjunction with sensitivity analysis, and (iii) conditioning on the subgroup of individuals for whom the intermediate would occur irrespective of the exposure received. The second and third approaches both require sensitivity analysis, and they result in a range of estimates. Each of the 3 approaches can be used to resolve the "birth-weight paradox" that exposures such as maternal smoking seem to have a protective effect among low-birth-weight infants. The various methodologic approaches described in this paper are applicable to a number of similar settings in perinatal epidemiology. (Epidemiology 2012;23: 1-9) 
C
onditioning on an intermediate is of concern in all areas of epidemiologic research. [1] [2] [3] In particular, there is tension in the perinatal epidemiology literature between the desire to obtain gestational-age-specific or birth-weight-specific associations [4] [5] [6] and the increasing awareness that conditioning on such variables can give rise to severe biases. [7] [8] [9] [10] The difficulty arises because gestational age and birth weight may be on a pathway from the exposure of interest to the perinatal outcome or may be descendents of such a variable. For example, if the exposure were smoking and the outcome were infant mortality, smoking may in part affect infant mortality through its effects on fetal growth or the timing of delivery. When one conditions on such an intermediate, without also controlling for the common causes of the intermediate and the outcome, biased results and paradoxical findings can emerge. [1] [2] [3] 11 It has, for example, long been documented [12] [13] [14] that among infants with the lowest birth weight, maternal smoking seems to have a protective effect on infant mortality. This seemingly perplexing association is often referred to as the "birth-weight paradox." The apparent protective effect of maternal smoking is an artifact of conditioning on an intermediate without adequate control for intermediate-outcome confounding. 7 In the case of the birth-weight paradox, birth defects may be a common cause of both birth weight and infant mortality (Fig.) . Birth defects are not controlled for in the analysis. For mothers who do smoke and have low-birthweight infants, low birth weight might be a consequence of either smoking or of a birth defect. For mothers who do not smoke and have low-birth-weight infants, low birth weight cannot be a consequence of smoking and so some other cause must be operating. 7 A comparison of smoking and nonsmoking mothers, without controlling for birth defects, will artificially bias the comparison because for this group of lowbirth-weight infants, not smoking and low birth weight together is more likely indicative of the presence of a birth defect. This form of bias is sometimes referred to as colliderstratification bias and is described in more detail elsewhere. [15] [16] [17] [18] Similar issues arise, sometimes in less severe form, throughout perinatal epidemiology. 19 The intermediate variable need not have an effect on the outcome for such biases to arise; all that is necessary is for the exposure to affect the intermediate and for there to be an unmeasured common cause of the intermediate and the outcome.
A considerable literature has developed pointing out this problem of conditioning on an intermediate. However In this paper, we discuss 3 analytic approaches to help draw inferences when the effect of interest is such that it may be obtained by conditioning on an intermediate. The 3 approaches include conditioning on the predicted risk of the intermediate, conditioning on the intermediate itself with sensitivity analysis, and conditioning on the principal stratum. Each approach carries with it a different interpretation, a different set of assumptions, and, when relevant, different methods for sensitivity analysis. When sensitivity analysis techniques are used, often a range of estimates, rather than a single estimate, will be obtained. As will be observed later, the 3 approaches estimate different causal effects, and the resulting estimates would not be expected to all be the same. We illustrate each by application to data exemplifying the birth-weight paradox; with the application of each of the 3 approaches we describe, the birth-weight paradox will be seen to dissolve. The approaches are applicable to a variety of similar settings in perinatal epidemiology.
Notation and Definitions
We use notions of counterfactuals (or "potential outcomes") through parts of this paper. 21, 22 We will let A denote our exposure of interest (eg, smoking), M will be the intermediate (eg, low birth weight, defined as less than 2500 g), and Y will be outcome (eg, infant mortality). We will let C denote some set of baseline characteristics measured prior to or concurrent with the exposure. The relationships among the variables are depicted in the Figure. The approaches we describe later will be applicable irrespective of whether the intermediate has an actual effect on the outcome.
We will let Y a denote the counterfactual outcome for each individual if the exposure had been set to level a and let 
NCHS Data Illustrating the Birth Weight Paradox
We use cohort-linked birth certificate and infant mortality files for year 1997 from the National Center for Health Statistics (NCHS). These are complete files for all US births in year 1997 with 1-year follow-up for infant mortality. Only singletons were included in the analysis. Demographic characteristics for this sample are given in Table 1 . Smoking status was dichotomized (any smoking during pregnancy vs. none). Low birth weight was defined as birth weight less than 2500 g. Covariates include sex (boy/girl), maternal race (black, white, other), maternal education (less than high school, high school, more than high school), maternal age (Ͻ15, 15-19, 20 -24, 25-29, 30 -34, 35-39, 40 -44, 45-54) , nulliparous (yes/no), marital status (married/single), and prior preterm birth (yes/no). Table 2 gives infant mortality statistics stratified by smoking and low-birth-weight status. The crude odds ratio (OR) relating infant mortality and smoking is 1.69 (95% confidence interval ͓CI͔: 1.63 to 1.75). The odds ratio relating infant mortality and smoking adjusted for the covariates C using logistic regression (omitting birth weight) 
We can then calculate the odds ratio comparing smoking versus nonsmoking for both low-birth-weight infants (OR ϭ e 1 ) and normal-birth-weight infants (OR ϭ e 1 ϩ 3 ). Using the NCHS data for infants weighing more than 2500 g, we obtain an adjusted odds ratio of 1.87 (1.76 to 1.97). For low-birth-weight infants, we obtain an adjusted odds ratio of 0.76 (0.72 to 0.80). One might interpret these finding as evidence for an interaction between birth weight and smoking. 6 In any case, we see that smoking seems to have a protective effect for low-birth-weight infants.
Approach 1. Conditioning on the Risk of an Intermediate
As noted earlier, when we calculate effect measures conditional on intermediate variables, biases can result. However, such problems do not in general arise in a similar manner when conditioning on baseline covariates. More specifically, if the effect of A on Y is unconfounded conditional on baseline covariates C, then we can validly estimate the causal effect of A on Y conditional on C ϭ c simply by calculating our effect measures within strata of C.
The variables C themselves might be predictive of the intermediate M. Our first approach to "conditioning on an intermediate" will consist of conditioning on the "risk of the intermediate" predicted by the baseline covariates, rather than conditioning on the intermediate itself. Although this will not allow us to get birth-weight-specific associations, it will at least allow us to assess whether smoking is protective among the group of infants who are most at-risk for being of low birth weight.
More specifically let P(M ϭ 1͉C ϭ c) denote the probability of low birth weight conditional on covariates C ϭ c. Predicted probabilities for each individual could be obtained by a logistic regression of low birth weight M on the covariates C:
Once we have estimated the parameters (␦ 0 , ␦ 1 Ј ) from the logistic regression, we can calculate predicted probabilities of low birth weight based on each woman's covariate values c. Note that this predicted probability is a function only of the woman's baseline covariates c, and we can thus condition on it in the analysis of infant mortality because we are only conditioning on a function of the baseline covariates; we are not in fact conditioning on the intermediate. We now define a new high-risk-of-low-birth-weight variable H. We will let H ϭ 1 for mothers who have predicted probabilities of having low-birth-weight infants above the 95th percentile, and we let H ϭ 0 otherwise. Note that our high-risk variable H is again simply a function of the covariate values c. To examine the association between smoking and infant mortality among infants who are or are not high risk for low birth weight, we could fit a logistic regression model of infant mortality Y on smoking A, high-risk-status H, an A ϫ H interaction, and covariates C:
We can then calculate the odds ratio comparing smoking versus nonsmoking for low-risk infants (OR ϭ e 1 ) and high-risk infants (OR ϭ e 1 ϩ 3 ). Because our risk-of-lowbirth-weight variable H is essentially a function just of the baseline covariates C, we no longer run into the same problems of conditioning on an intermediate (eg, collider-stratification bias). However, the interpretation of the estimate is now different. The estimate captures the overall effect of smoking on infant mortality (including that through the intermediate) for those at high risk of the intermediate. This estimate from approach 1 thus does not capture the effect of the exposure that is not through the intermediate (the "direct effect"); that will be the focus of approach 2 below. Approach 1 does not give conclusions about direct effects. To determine birth weight risk categories, we apply this approach to the NCHS data using the sex, maternal race, maternal education, maternal age, nulliparity, marital status, and prior preterm birth. For low-risk infants (H ϭ 0), we obtain an adjusted odds ratio of 1.55 (95% CI ϭ 1.49 to 1.62). For high-risk infants, we obtain an adjusted odds ratio of 1.30 (1.16 to 1.46). These are the effects of smoking for those with lower versus higher predicted probabilities of low birth weight, respectively. The odds ratio for smoking is lower for highrisk infants than for low-risk infants (1.30 vs. 1.55), which is perhaps not particularly surprising as high-risk infants will generally have higher baseline risk without smoking. However, even for high-risk infants, it is not the case that smoking has an apparent protective effect on infant mortality; it has a harmful effect with an odds ratio for mortality of 1.30. By not conditioning on the intermediate (but rather on a set of baseline covariates that predict low birth weight), we have avoided the problems associated with conditioning on an intermediate and have circumvented the birth-weight paradox. Similar analyses could be done with other percentile cutoffs to define "high-risk." A limitation of this approach is that a larger set of baseline covariates with better predictive power of the intermediate could change the estimates obtained; the "low-risk" and "high-risk" designations are relative to the covariates being used. In some cases, high-risk may not be a reasonable label if, for example, even those above the 95th percentile still have relatively low predicted probability of the intermediate.
Approach 2. Conditioning on an Intermediate With Sensitivity Analysis
Consider again the logistic regression in equation (1) in which we condition on the intermediate itself, M, (eg, gestational age or low birth weight). Our odds ratios will be biased because of unmeasured confounding of the intermediateoutcome relationship (eg, by birth defects or malnutrition). One approach to address these biases is the use of sensitivity analysis to assess how such an unmeasured common cause U of the intermediate and the outcome might affect our odds ratio estimates. Specifically, suppose U is a binary variable indicating the presence of a common cause of the intermediate, say low birth weight and the outcome, infant mortality. 3 that if the outcome is rare, so that odds ratios approximate risk ratios, and if U increases the risk of infant mortality Y by the same factor for low-birth-weight and normal-birth-weight infants, then the ratio between the estimate not controlling for U and the estimate that would have been obtained after controlling for U is given by the following:
The corrected odds ratio (that would have been obtained when adjusting for U) can then be calculated by dividing the estimated odds ratio by the bias factor B. Note that this ratio may differ for low-birth-weight infants (m ϭ 1) and normal-birth-weight infants (m ϭ 0) because the prevalences of U, 1m , and 0m , may differ for normal and low-birth-weight infants. One could alternatively explore potential unmeasured confounding through simulations. 9, 20 Suppose we were to apply this approach to the NCHS data. For low-birth-weight infants, we had obtained a (potentially biased) odds ratio of 0.76 (95% CI ϭ 0.72 to 0.80). Suppose now that for low-birth-weight infants the prevalence of U for smoking mothers is 1m ϭ 0.025 but that the prevalence of U for nonsmoking mothers is 0m ϭ 0.14 (because if smoking were not the cause of low birth weight, this renders some other explanation/cause more likely). If the effect of U on infant mortality were a 3.5-fold increase (␥ ϭ 3.5), we would have a bias factor in equation (3) We have selected our sensitivity in part based on estimates for birth defects obtained from the literature or transformations of estimates in the literature. [23] [24] [25] Based on estimates for the fraction of infant mortality due to birth defects, the sensitivity analysis parameter ␥ may be even higher. 23 However, in general, sensitivity analysis techniques can be helpful even in the absence of such knowledge. One can assess how large the effects would have to be to explain away the result, and readers can then decide whether they think such values are or are not plausible. One can also specify several different sets of sensitivity analysis parameters and obtain a range of different estimates. No specific set of parameters needs to be believed for such a sensitivity analysis to be informative. In some cases, only a little confounding may be necessary to explain away the effect; in others, quite a lot. These techniques can also in principle be used with multiple unmeasured confounding variables. 3 Here, we have considered birth defects, but malnutrition may also be a common cause. Analyses that considered jointly the consequences of birth defects and malnutrition would even more easily be able to explain away the observed association. It should also be noted that the sensitivity analysis used here assumed that the unmeasured confounder U increased the risk of infant mortality Y by the same factor for low-birth-weight and normal-birth-weight infants; this assumption can also be relaxed. 3 However, if a sensitivity analysis under this simplifying assumption explains away the association, then sensitivity analysis dropping this assumption would still explain away the effect estimate. This is because the sensitivity parameter values that explained away the estimate under the simplified technique would still be within the space of sensitivity parameter values under the more general technique.
Similar analyses could be used to adjust the odds ratio for normal-birth-weight infants. However, we see here that by using the bias formula to attempt to correct for possible unmeasured confounding of the birth-weight-mortality relationship, our corrected odds ratios for smoking among lowbirth-weight infants rise above 1 for plausible values of the sensitivity analysis parameters. The birth-weight paradox vanishes: maternal smoking no longer seems to have a protective effect among low-birth-weight infants. Thus, although estimates conditioning on an intermediate may be biased due to unmeasured confounding of the intermediate-outcome relationship, sensitivity analysis in conjunction with these biased estimates can allow for reasoning about the estimates that would have been obtained had it been possible to control for such unmeasured confounders.
We note that in this and similar examples, if it were the case that the measured covariates C and the unmeasured confounder U together sufficed to control for confounding of the joint effects of smoking and low birth weight on infant mortality, then the corrected odds ratios could be interpreted as controlled direct effects. 1, 3, 26 In the causal inference liter- 27 apply a similar approach to that described here in the context of preeclampsia as the exposure, preterm birth as the intermediate, and cerebral palsy as the outcome, to examine whether there is a direct effect of preeclampsia on cerebral palsy not through preterm birth.
Approach 3. Conditioning on Principal Stratum
Thus far we have considered conditioning on the risk of the intermediate being present, and on the intermediate itself.
Our third approach involves assessing the effect of the exposure on the outcome among the subpopulation for whom the intermediate would be present irrespective of exposure status. For example, we might be interested in the effect among the subpopulation that would be low birth weight irrespective of maternal smoking. This subgroup for whom the intermediate will occur irrespective of the exposure is sometimes referred to as a "principal stratum." 28 More generally, a principal stratum is a subgroup defined by the joint potential outcomes (M 0 , M 1 ). If the exposure A and the intermediate M are binary, then there are 4 principal strata: those for whom the intermediate will not occur irrespective of exposure status (M 0 ϭ 0, M 1 ϭ 0, "never low birth weight"), those for whom the intermediate will occur with exposure but not without (M 0 ϭ 0, M 1 ϭ 1, "low birth weight only with smoking"), those for whom the intermediate will occur without the exposure but not with (M 0 ϭ 1, M 1 ϭ 0, "low birth weight only if nonsmoking"/"defiers"), and those for whom the intermediate will occur irrespective of exposure status (M 0 ϭ 1, M 1 ϭ 1, "always low birth weight"). If we are interested in whether smoking has a protective effect among low-birthweight infants, one potentially relevant question to ask within this context of principal stratification is whether smoking has a protective effect among the subpopulation who would be low birth weight irrespective of exposure status (M 0 ϭ 1, M 1 ϭ 1). In counterfactual notation this effect is given by the following:
This is sometimes referred to as a "principal-stratum direct effect." 29, 30 The advantage of this approach using principal stratification is that, like the first approach, we essentially avoid the problem of conditioning on the intermediate directly.
Instead we condition on the principal stratum, which is essentially an underlying characteristic of the individual. It is like conditioning on a baseline covariate.
The disadvantage of this approach is that we do not know who is in each principal stratum. For example, we do not know which infants will be low birth weight irrespective of maternal smoking. Because we cannot identify the individuals who fall in each principal stratum, we cannot estimate the principal strata direct effect above directly from the data. However, one can attempt to assess the magnitude of this effect by using sensitivity analysis techniques for principal strata.
3,30 -32 Specifically, it has been shown 32 that if one calculates the crude outcome difference between the exposed (A ϭ 1) and the unexposed (A ϭ 0) among those for whom the intermediate is in fact present (M ϭ 1):
then the principal stratum direct effect can be expressed as the difference between the crude outcome difference and a sensitivity analysis parameter, under an assumption that there are no individuals for whom the intermediate would occur if unexposed, but not if exposed (ie, no defiers). In the context of the smoking-birth weight example, this would imply that there are no infants who would be normal birth weight if their mother smoked but who would be low birth weight if their mother did not smoke. If this is the case, then it can be shown that 32 :
where the sensitivity analysis parameter ␣ is given by the following:
The interpretation of this sensitivity analysis parameter ␣ is the difference in infant mortality rates under maternal smoking for 2 populations, the population for whom the infant would be low birth weight if the mother smoked and the population for whom the infant would be low birth weight if the mother did not smoke. Because this second population consists of those who would be low birth weight even if the mother did not smoke, it is probably a less healthy population that is likely to have a higher infant mortality rate if the mother smokes. The parameter ␣ will thus likely be negative. The parameter is not identified from the data; rather, an investigator can specify different plausible values of this parameter to assess the principal-stratum direct effect. One will again obtain a range of estimates corresponding to the different sensitivity analysis specifications. Further detail on inference for principal-stratum direct effects can be found elsewhere. 3,30 -34 We now apply this principal-stratification approach to the NCHS data. If we first calculate the crude infant mortality difference between the smoking and nonsmoking mothers among infants of low birth weight, we obtain 0.051 Ϫ 0.064 ϭ Ϫ0.013 (95% CI ϭ Ϫ0.015 to Ϫ0.011) and once again with the crude analysis, it seems that smoking has a protective effect on infant mortality for low-birth-weight infants. If we want to calculate the principal-stratum direct effect (ie, the effect of smoking on infant mortality among the subpopulation who would have been low birth weight irrespective of smoking exposure), then we need to adjust this crude estimate by the sensitivity parameter ␣. If we thought that the difference in infant mortality rates under smoking when comparing the population for whom the infant would have been low birth weight if the mother smoked and the population for whom the infant would have been low birth weight even if the mother did not smoke were Ϫ0.02 we would then obtain an estimate of the principal-stratum direct effect of 0.007 (0.005 to 0.009); if we thought that this difference were Ϫ0.03 we would obtain an estimate of the principal-stratum direct effect of 0.017 (0.015 to 0.019). These estimates of the principal stratum direct effect would suggest that smoking has a harmful effect on the subpopulation who would be low birth weight irrespective of smoking exposure. The principal-stratum direct effect is positive; the birth-weight paradox is again resolved. A disadvantage of this approach is that, even if we use sensitivity analysis to assess the principal stratum direct effect, we still do not know which individuals are in this principal stratum (ie, we do not know which infants would be low birth weight irrespective of maternal smoking).
DISCUSSION
We have described 3 approaches related to calculating effects of an exposure, conditional on some intermediate variable or a variant of it. Each of the approaches has a unique interpretation, requires different assumptions, and has its own strengths and weaknesses. In the first approach, we conditioned on the risk of the intermediate as predicted by baseline covariates, rather than on the intermediate itself. By conditioning on the risk predicted by baseline covariates, one could still evaluate the effect of an exposure (eg, smoking) for high-risk subgroups, while avoiding the biases ordinarily associated with conditioning on an intermediate. The disadvantage of this first approach is that the effect one obtains is not specific to individuals for whom the intermediate (eg, low birth weight or gestational age) actually occurs, but for those at high risk of occurrence. If the intermediate is relatively rare, this may not be an accurate reflection of the effect of the exposure for those for whom the intermediate will in fact develop. Moreover, the effect that is captured is the overall effect of the exposure (including that through the intermediate) for those who are at high risk of the intermediate; this may not be what is of substantive interest.
In the second approach, we conditioned on the intermediate itself. The disadvantage of this approach is that it will induce bias whenever there is an unmeasured common cause of the intermediate and the outcome; one must then attempt to correct for the bias through sensitivity analysis. The advantage of this approach is that, after correction through sensitivity analysis, one obtains a range of estimates (according to the range of sensitivity analysis parameters specified) of the effect of the exposure on the outcome for individuals with the intermediate, corresponding to the direct effect of the exposure on the outcome not through the intermediate. Obtaining this direct effect is arguably what is often the goal when researchers condition on an intermediate in perinatal epidemiology.
In the third approach, one conditions on the subpopulation for whom the intermediate would occur irrespective of exposure. This approach has the advantage that this is a particularly high-risk group and it is a group for whom the intermediate will necessarily occur. The disadvantage of the third approach, like the second, is that naive estimators of this effect are biased and correction needs to be made through sensitivity analysis; one again will obtain a range of estimates. A further disadvantage with this third approach is that, even after applying the methodology, we still do not know who is in the subpopulation such that the intermediate will occur irrespective of the exposure. We believe that the second approach presented here will in general be the one of greatest interest. In essence, it captures the direct effect of the exposure on the outcome not through the intermediate, which we believe is the effect that is often desired when investigators condition on an intermediate.
In many studies, the overall effect of the exposure on the outcome may be of central interest and none of the approaches described here is then needed. The approaches here are of relevance only when the investigator is interested in the direct effect of the exposure not through the intermediate or in the effect of the exposure for certain groups at high risk for, or certain of having, the intermediate. In these cases, it may be desirable to employ all 3 approaches to develop a fuller understanding of the relationships among the exposure, intermediate, and the outcome. In some settings, the 3 effects may all be in a consistent direction. However, it is important to note that the 3 approaches need not all give effect estimates in the same direction. Having effect estimates in different directions for the 3 approaches is not necessarily an indication that one or more of the estimates is in the wrong direction. The 3 approaches estimate 3 different effects (effects for 3 different populations) and these may in fact be in different directions. Moreover, the effects under approaches 1 and 3 are overall effects (including the effect through the intermediate) for their respective subpopulations, whereas approach 2 is a direct effect, the effect not through the intermediate. In our analyses performed earlier, all 3 approaches, after sensitivity analysis, suggested a harmful effect of maternal smoking on infant mortality for (i) those at high risk of low birth weight, (ii) those who in fact were low birth weight, and (iii) those who would be low birth weight irrespective of smoking exposure.
In some applications with an intermediate, one desires not simply to estimate the effects of the exposure conditional on the intermediate, but also to partition the total effect into the proportion through the intermediate and the proportion through other pathways. Such analyses are subject to an even wider array of possible confounding biases 26, [35] [36] [37] and are beyond the scope of the present paper. Nevertheless, researchers have begun to develop methodology to allow for these analyses using so-called natural direct and indirect effects; sensitivity analysis can be used to address some of the biases that arise in these settings. 3, 38, 39 For an example of such an analysis in perinatal epidemiology, see the study of Ananth and VanderWeele 40 that examines the extent to which the effect of placental abruption on perinatal mortality outcomes is mediated through premature birth.
When one does condition on an intermediate (or variants thereof under the approaches described earlier), it is important to be clear about what the scientific or policy question is. The approaches we have described may be of service when one is interested in assessing the presence of a direct effect, or when one is interested in the effect of an exposure among particularly vulnerable subpopulations. However, in many cases the total effect of the exposure is of policy interest and conditioning on an intermediate is not necessary. 8, 10 Moreover, in some settings, effects conditional on birth weight or gestational age may be of interest but may not necessitate the analytic approaches described here. This will be the case if the exposure or intervention under study in fact occurs after birth (eg, a neonatal intervention). 6 In these cases, birth weight or gestational age becomes a pre-exposure baseline variable, and the approaches we have described here will not be needed. For a neonatal intervention, one could simply condition on birth weight or gestational age without concern about the biases that arise when conditioning on an intermediate. Such analyses simply reduce to ordinary assessment of effect modification in epidemiology. Birth weight may serve as a confounder for a neonatal intervention in addition to potentially being an effect modifier. These settings should be distinguished from those similar to the birthweight paradox in which the variable that one is conditioning on may lie on a pathway from the exposure to the outcome, or is a descendant of variables on the causal pathway.
The approaches we have described in this paper are applicable to perinatal epidemiology more generally. One might, for example, condition on maternal weight gain in assessing the effect of a maternal nutrition supplement on infant mortality. Other examples in the literature include conditioning on preterm birth in assessing the effect of preeclampsia on cerebral palsy 41 or conditioning on infant weight in assessing the effect of a maternal calcium supplement during pregnancy on childhood blood pressure. 42 The approaches we have described here are applicable to these and numerous other settings. As the existing literature has made clear, conditioning on an intermediate in perinatal epidemiology can be problematic and can give rise to severe biases. In many contexts, conditioning on an intermediate is not necessary and is best avoided. Nevertheless, there are cases in which such conditional effects are of scientific or policy interest. We have shown that several alternative approaches can be used to draw inferences in such settings. These methodologic tools are imperfect, make assumptions, and need to be interpreted carefully but they can nonetheless be useful in reasoning about direct and conditional effects.
